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Abstract 
The aim of this project was to develop a method for detecting atrial fibrillation (AF) and 
atrial flutter (AFL) that could be applied to clinical practice as a diagnostic test. The major objectives 
for the design of the detection method were to create a software program in MATLAB that would 
detect portions of a patient’s electrocardiogram (ECG) that have characteristics of AF or AFL.  This 
was achieved by using the RR-intervals of the ECG data.  For AF detection, in which the RR-
intervals are highly irregular, we based our algorithm on RR-interval irregularity found in AF 
patients.  Detection was based through statistical techniques: root mean squares of successive 
differences (RMSSD), turning points ratio (TPR) and Shannon entropy (SE).  For AFL detection, we 
implemented a time-frequency analysis of the patient data.  Using data obtained from the MIT-BIH 
Atrial Fibrillation database and atrial flutter data from patients of UMass Medical Center, our AF 
program achieved a sensitivity of 94.9% specificity of 90.7% and accuracy of 92.4% for AF data.  
Our AFL program was also able to accurately determine segments of flutter with the exception of the 
patients with RR-intervals resembling normal sinus rhythm.  
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Chapter 1: Introduction 
Atrial fibrillation (AF) is the most common cardiac arrhythmia, with its prevalence 
increasing each year [1].  It is currently estimated to affect between 0.5 and 1% of people in the 
United States, equivalent to around 2.3 million people [1].  AF is most common among the elderly, 
with the median age of those affected to be around 75 years of age.  Prevalence of AF increases with 
age and reaches 8% of people in the United States over the age of 80 years.  AF, which is associated 
with other types of cardiac conditions, can have dangerous implications, including an increased risk 
of stroke, heart disease, and mortality.  Because of these complications, there has been an increased 
need for hospitalizations and medical care, thus increasing health care costs associated with atrial 
fibrillation [1]. 
Atrial flutter (AFL), though much less common than AF, is of increasing concern because 
three out of every four patients affected with AFL develop AF [2].  As with AF, AFL is associated 
with cardiovascular conditions and increased mortality.  Prevalence of atrial flutter increases with 
age and, as in fibrillation, is more common in men than in women [1, 2].  While there are currently 
70,000 people in the United States affected with AFL, projected prevalence is expected to reach 0.15 
million by the year 2050 [3].  This is in addition to the estimated 7.56 billion people estimated to be 
affected with atrial fibrillation by that year [3].  This increased prevalence is predicted based on the 
aging baby boomer generation and increasing prevalence of obesity-causing cardiovascular 
conditions [4].  
The increased mortality and cardiovascular problems associated with atrial flutter and atrial 
fibrillation result in an increased demand for medical care.  Health care costs resulting from AF and 
AFL are estimated to be $4,700 per patient per year; this means that annual health care costs can 
reach to 6.5 billion dollars in the US alone [5].  These estimates are derived from inpatient costs of 
patients directly affected with AF or AFL, inpatient costs of patients who suffer from cardiovascular 
8 
problems that derive from AF or AFL, charges from outpatient care, and costs associated with drug 
therapies and other treatments [5].  This does not even account for money that is used for research 
purposes regarding these heart conditions. 
The diagnosis of atrial fibrillation and atrial flutter is usually based on long-term heart 
monitoring and a variety of diagnostic tests; oftentimes, fibrillation or flutter is only found when the 
patient is suffering from a different, related cardiac condition [3].  While current methods are costly 
in terms of both time and money, a quicker approach is desirable that could be implemented into a 
regular annual check-up. 
 The RR-intervals derived from electrocardiogram readings are used to calculate the heart 
rate of a patient, and consistent intervals are observed in a healthy heart.  By using these intervals, we 
can first detect whether or not there is a normal sinus rhythm associated with the heart activity.  Due 
to the irregularity of AF and certain types of AFL, the arrhythmias could be detected based on these 
irregularities. However, if the RR-intervals are detected as a normal sinus rhythm, the heart could be 
healthy in terms of AF/AFL, yet it could also be inflicted with other types of flutter.  In this case, 
short-time Fast Fourier Transform (STFT) is used for flutter detection.  The STFT of the patient’s 
heart rate is divided into 0.25-second windows and the ratios of the highest and lowest frequencies 
are calculated.  Flutter is detected based on frequency magnitudes.  
If atrial fibrillation or atrial flutter can be easily and automatically detected early in their 
pathology, the risk of complications that are consequential due to late detection can be drastically 
reduced. Early detection could also potentially save billions of dollars spent on health care costs and 
research directly related to the heart conditions.  A method to automatically detect atrial fibrillation 
and atrial flutter will save lives, improve quality of life of millions of people at-risk, and reduce the 
economic burden placed by AF and AFL. 
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Chapter 2: Background 
Atrial fibrillation (AF) and atrial flutter (AFL) are heart conditions that are associated with 
abnormal heart rhythms that arise from electrical and structural changes in the atria.  Irregular heart-
beats are characteristic of AF, while patients suffering from AFL often exhibit exceptionally fast 
heart rates with beats that may or may not occur at regular intervals [12]. 
 
Atrial Fibrillation 
Atrial fibrillation is a heart arrhythmia found to be the most common cardiac rhythm disorder 
in clinical practice [7,2].  AF is characterized by uncoordinated atrial activation due to disrupted 
electrical pathways and structural changes in the heart [12]. While these changes can cause specific 
symptoms, AF is difficult to diagnosis due to the many cases that do not present symptoms.  Costs 
associated with atrial fibrillation have increased over the years due to the arrhythmia itself and 
complications that result from the condition. 
 
Normal Heart Function and the Electrocardiogram 
To fully understand the electrical and mechanical problems that cause atrial fibrillation and 
atrial flutter, it is important to understand the electrical and mechanical functions of a normal, healthy 
heart.  A concrete understanding of these differences will provide the information necessary to 
diagnose, detect, and treat these conditions. 
Electrical activity in the body drives the mechanical function of the heart.  Action potentials 
are responsible for the contraction of cardiac muscle cells, which is essential for pumping blood 
through the body. Some cardiac cells, unlike nerve and skeletal muscle cells, are able to generate 
their own action potentials in order to achieve steady and rhythmic contraction [14].  These cells are 
known as autorhythmic cardiac cells and work with contractile cardiac cells to pump the heart.  
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These contractile cells, which make up the majority of cardiac cells, are responsible for heart 
contraction.  Autorhythmic cardiac cells display a pacemaker-like activity; their membrane potential 
depolarizes after each action potential until they reach threshold and generate another action potential 
that will cause cardiac contraction [14].   
The autorhythmic cells do not all have the same rate of depolarization.  Those cells with the 
fastest rate of action potential initiations are found on the sinoatrial (SA) node, which is a small 
region in the right atrial wall.  Because the SA node has the fastest rate of action potential initiation, 
it is known as the pacemaker region of the heart and is known to be the driving force for the rest of 
the heart [14].  After an action potential is initiated in the SA node, the excitation travels through the 
remainder of the heart for a full contraction.  The action potential first spreads through the atria.  The 
atria must contract before the ventricles can contract, as atrial contraction is responsible for pumping 
the blood to the ventricles which then contract to pump the blood through the rest of the body.  The 
electrical pathway through which the action potentials follow is demonstrated in Figure 1. 
 
Figure 1:  Action potentials are initiated by the SA node.  These impulses travel through the atria, pass 
through the atrioventricular node and causes atrial contraction.  The signal then travels through the 
ventricles and initiates ventricular contraction. [15]. 
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Figure 2: The ECG of a normal heart beat has three distinct waveforms.  The R-peak is used for heart 
rate calculation due to its greater distinction. [16]. 
 
An electrocardiogram (ECG) is a recording of this electrical activity of the cardiac cycle.  As 
mentioned, when cardiac muscle cells depolarize and repolarize, electrical currents are generated and 
spread through the chambers and the tissues that surround the heart [14].  Some of this electricity 
reaches the surface of the body, and the ECG is able to detect the se electrical impulses.  An ECG is 
obtained through electrode placement on a person’s skin that detects this electricity and outputs a 
voltage-time reading.  It is important to note that the reading is not a recording of the actual 
electricity activity of the heart; it is a representation of the overall spread of electricity during cardiac 
cell depolarization and repolarization [14].  A normal ECG has three distinct waveforms, shown in 
Figure 2.  There is the P-wave, which represents atrial depolarization (the atria contract); the QRS 
complex, which represents ventricular depolarization (the ventricles contract while the atria begin to 
relax); and the T-wave, which denotes ventricular repolarization (the ventricles relax) [14].     Figure 
2 also shows the correlation between the physiological changes in the heart and the waves presented 
in the ECG.  The R-peak, as shown in the figure, is the most distinguishable peak in the ECG tracing, 
12 
 
Figure 3: The ECG resulting from AF (top) has irregular RR-intervals as well as indistinguishable P-
waves, as denoted by the red arrow.  The normal ECG tracing (bottom) has more prominent-waves 
(purple arrow) and regular, consistent RR-intervals [24]. 
 
and the distance between R-peaks (known as the RR-interval) is used to determine time between 
heart beats and heart rate. 
 
Pathophysiology of Atrial Fibrillation 
The electrical impulses observed in the contraction of a healthy heart are coordinated and 
allow for a steady and balanced contraction and recovery period.  Atrial fibrillation is a cardiac 
arrhythmia associated with uncoordinated electrical impulses that disrupt the steady atrial activation 
in the heart [13].  This disruption will usually show an absence of P-waves on the ECG and an 
irregularity among the RR-intervals, as shown in Figure 3. 
As suggested by its name, atrial fibrillation involves bioelectrical and mechanical problems 
associated with the proper functioning mechanisms of the atria.  Disordered electrical impulses in the 
heart are responsible for the failure of properly working ventricles.  Although the electrical impulses 
generated by the SA node are normal, they are overwhelmed by disordered impulses that begin in 
other parts of the atria and the pulmonary veins, causing uncoordinated contraction, as illustrated in 
Figure 4 [10].  These electrical abnormalities often result in structural remodeling, causing types of 
AF that may require surgical intervention [3]. 
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Figure 4: In AF, electrical impulses that begin in various locations in the atria overwhelm the normal 
impulses generated by the SA node and cause the ventricles to contract at a rapid, irregular rate [17]. 
 
The disrupted electrical pathways that result from AF causes the atria to quiver at irregular 
intervals, often at more rapid heart rates [10].  In consequence, the ventricles are not filled to 
capacity, thus compromising the ability of the heart to maintain adequate blood output to the lungs 
and the rest of the body.   The full blood output that is observed in a healthy heart is essential in order 
to provide sufficient oxygen and nutrients to vital organs and tissues.  This is especially important 
during activities that cause higher stresses on the body such as exercise, as the ventricles must be 
able to increase blood supply to the body.  AF does not allow for a full blood output or an adequate 
increase of blood supply during strenuous activities, which has dangerous implications that may 
prevent the rest of one’s vital organs from receiving the nutrients needed for proper function [10]. 
AF is diagnosed as one of three categories based on its occurrence and length of episode: it 
can be categorized as paroxysmal, persistent, or permanent atrial fibrillation. Paroxysmal AF is 
diagnosed when the arrhythmia is self-terminating, and episodes usually last for seven days or less 
[10].  Persistent AF does not maintain the ability to self-terminate, and episodes of the arrhythmia 
last for more than a week, sometimes lasting up to several weeks.  Due to inability to terminate on its 
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own, drug therapies that enable termination are commonly prescribed for treatment [10].  Permanent 
AF is diagnosed when the arrhythmic episodes are constant and last for more than a year [12].  This 
type of AF also may also require medication and can sometimes result in surgical intervention if 
structural changes in the atria are too debilitating [10].  
 
Symptoms of Atrial Fibrillation 
While patients who suffer from permanent atrial fibrillation may exhibit noticeable 
symptoms, those with paroxysmal or persistent AF may not show any symptoms at all [12].  40% of 
patients diagnosed with AF do not experience any symptoms, and the arrhythmia is only found 
during the diagnosis of one of the complications or risk factors associated with AF [12].  One of the 
dangers of this is the possibility of a more treatable, short-term AF evolving into the more 
debilitating permanent AF, which often leads to other more serious complications, usually cardiac-
related [12].  
Atrial fibrillation does not necessarily cause death, but it causes an increase in fatigue during 
high-stress activities like exercise.  Symptoms of AF include heart palpitations, fainting, chest pains, 
and congestive heart failure [10]; these symptoms are common to many cardiac diseases, so atrial 
fibrillation is often overlooked.  Episodes of fainting, fatigue, and palpitations can last from minutes 
to weeks, to even years, as AF commonly becomes a chronic condition.  Atrial fibrillation usually 
becomes a chronic problem for patients and is seen more frequently in older patients.  Patients with 
atrial fibrillation are generally first diagnosed using an electrocardiogram (ECG); Holter ECG 
monitoring is used additionally for observing the progression and severity of the disease.   
 
Risk Factors Contributing to AF 
Risk factors that contribute to atrial fibrillation include obesity, coronary artery disease, 
diabetes, heart failure, hypertension, hyperthyroidism, myocardial infarction, and alcoholism [6,7].  
15 
If AF is not treated appropriately and early in its pathology, there is a significant increase in both 
morbidity and mortality [12].  Quality of life is drastically reduced due to the numerous 
complications that may arise from the arrhythmia [12].  As the prevalence of these risk factors 
increase over the years, the prevalence of atrial fibrillation and its complications is also increasing.   
 
Current and Projected Prevalence of Atrial Fibrillation  
As mentioned, AF is the most common cardiac arrhythmia observed in clinical practice.  
There are many different types of atrial fibrillation, which are described in more detail below.   In the 
United States alone, it has been estimated that the incidence of AF is more than 3 million people and 
in Europe is estimated at 4.5 million. [6,7].  This number is expected to increase drastically during 
the next fifty years if current detection and treatment methods are used.  A study conducted through 
the Division of Research at Kaiser Permanente of Northern California focused on effect of age, sex, 
and ethnicity on the prevalence of AF in the United States [11].  This study, called the 
AnTicoagulation and Fisk Factors In Atrial Fibrillation (ATRIA), looked at an 1.89-million person 
adult population in Kaiser Permanente in California of patients 20 years and older who had atrial 
fibrillation diagnosed between July 1, 1996 and December 31, 1997 for their study’s statistics and 
projected prevalence calculations [11].  During the study period, it was found that the overall 
prevalence of diagnosed AF was 0.95 in patients over the age of 20.  As the age of the patients 
increased, the prevalence of AF increased as well, as shown in Figure 5, a graph provided by the 
study’s published paper. 
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Figure 5: Prevalence of AF increases with age and is more prevalent in men than in women [11]. 
 
The figure shows the increasing prevalence of AF in patients as age increases.  Prevalence 
ranges from 0.1% inpatients 55 years and younger, while it reaches 9.0% in patients over 80 years 
old.  In general, the prevalence of patients over 60 years of age is 3.8% [11]. 
In addition to age, the ATRIA study also studied the effect of gender on developing AF.  It 
was found that AF was more prevalent in men than women, with 1.1% prevalence in men as 
compared to 0.8% prevalence in women [11].  While the prevalence of AF in women ranged from 
0.1% (55 and younger) to 9.1% (great than 85), the range in men was 0.2 to 11% using the same age 
brackets. 
Ethnicity was also included in the study.  The races observed in the study included 
Caucasians, African Americans, Hispanic/Latino, and “other.”  The ATIRA study found that the 
arrhythmia is most common in Caucasians as compared to the other ethnicities [11].  Overall, 
prevalence in white patients was 2.2% [11]. 
The most important part of the ATRIA study was the projected prevalence of atrial 
fibrillation over the next 40 years.  Using the data from the study, the researchers were able to 
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estimate the number of adults that would be affected with atrial fibrillation through the year 2050.  
Applying the data to the entire US population, they estimated that in 1995, around 2.3 million adults 
in the United States over the age of 20 were affected with AF.  Through statistical analysis, it is 
estimated that if the trend of atrial fibrillation affliction continues, the prevalence of AF will increase 
2.5-fold to over 5.6 million people by the year 2050. Figure 6 shows the calculated projected 
prevalence from through 2050 as provided by the ATRIA study. 
 
 
Figure 6: The ATRIA study predicts the prevalence of AF to reach over 5.6 million people by 2050 [11]. 
 
  
18 
Economic Burden of AF  
 
The ATRIA study shows the increasing problem atrial fibrillation will become during the 
next few decades.  While it is evident that the overall health of the adults be affected over the next 40 
years due to the cardiac arrhythmia, it is also important to look at the burden placed on the economy 
that is associated with the disease.  If the prevalence of AF is going to increase, so will the health 
care costs associated with AF.  Health care costs associated with AF have already increased 
drastically over the past few decades [12].  Hospitalizations associated with the disease or 
complications that arise from the condition are increasing, and hospitalizations due to AF tripled 
from 1985 to 1999 [12].   Each year in the United States, there are 350,000 hospitalizations, 5 million 
office visits, 276,000 emergency room visits, and 234,000 outpatient visits attributed to AF [12], and 
these numbers will climb as AF becomes more prevalent.   
As of 2005,the total amount of money spent on health care pertaining to AF was estimated to 
be $6.65 billion dollars, with a breakdown of 2.93 billion for hospitalizations due to primarily AF , 
1.95 billion due to AF combined with a complication from AF, 1.53 billion dollars for outpatient 
treatments, and 235 million for prescription drugs [12].  This does not even take into account all of 
the other costs associated with atrial fibrillation – research costs are increasing in search for better 
treatment options as well as faster and earlier detection methods.  By 2050, health care costs could be 
greater than 20 billion dollars!  
 
19 
 
Figure 7: It is estimated that $6.65 billion are spent per year on costs associated with AF [12]. 
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Atrial Flutter 
 
Atrial flutter (AFL) is much less prevalent than atrial fibrillation, yet many AFL cases degenerate 
into AF.  Like AF, it is caused by improper electrical impulses generated in the atria, which cause the 
heart to beat abnormally. 
 
Pathophysiology of Atrial Flutter 
Atrial flutter (AFL) is characterized by saw-tooth like waves on the ECG, seen in Figure 8.  
AFL is primarily caused by a structural change in the heart that causes a continuous, localized 
reentrant pathway of electrical signals in either the left or right atrium [14].  This constant loop 
causes the atria to contract very rapidly, and heart rates are observed to reach 350 bpm.  
There are two general types of atrial flutter that have been observed; these are characterized 
by what is seen on the electrocardiogram. Either the waves may be predominantly negative (Typical 
flutter) nor positive (Atypical flutter) [21].  The negative and positive waveforms occur based on the 
location of the localized reentry pathway, which can either be in the right atrium or the left atrium 
[21]. While the RR-intervals observed in atrial fibrillation are irregular, the RR-intervals in atrial 
flutter are seen as either regular, or maintain patterns of irregularity (for example, short-short-long; 
short-short-long, and so on).  These different patterns are observed in Figures 9 and 10. 
.  
 
Figure 8: Atrial flutter exhibits a saw-tooth waveform in the ECG [25]. 
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Figure 9: The ECG of some AFL patients contained segments of long and short RR-intervals that 
exhibited a consistent pattern.  They also contain characteristic saw tooth waves. 
 
 
 
 
 
Figure 10: The ECG of some AFL patients consisted of regular RR-intervals, as is also observed in 
healthy patients. 
 
The waveform observed on the ECG causes saw-tooth-like patterns; the P-waves and T-
waves are not apparent, and usually R-peaks are discernable [22].   
 
Symptoms and Risk Factors 
AFL usually occurs in paroxysms, which means that the episodes last from a few seconds to 
a few hours [23].  The symptoms associated with atrial flutter are usually consistent with other types 
of heart conditions, such as heart palpitations,, chest discomfort, and weakness.  Risk factors, as with 
atrial fibrillation, are being male (5 times higher in men than in women) and prevalence increases 
with age.  Aside from gender and age, risk factors for developing AFL include heart failure, chronic 
pulmonary disease, previous stroke, and myocardial infarction [23]. 
Complications that arise from atrial flutter include valvular heart disease, pericardial disease, 
and congenital heart disease [23].  It is possible that there may be a genetic cause for developing 
atrial flutter, yet research is currently being conducted and there is no concrete data that proves this 
possibility. 
 
22 
Current Methods for Detection 
Methods for the detection of atrial fibrillation and atrial flutter vary in terms of type, time, 
cost, and accuracy.  Diagnostic testing is one method of detection and is usually the result of 
symptomatic patients.  Some of these tests include long-term Holter monitoring, electrocardiogram 
interpretation and blood tests.  Biological imaging is a method that involves the analysis of images 
obtained from echocardiograms and chest x-rays.  More currently, methods for AF and AFL 
detection focus on statistical analysis, with the goal of earlier detection in real-time. 
 
Diagnostic Testing 
Currently, the most common method for detection is through continuous Holter-monitoring 
[20].  The Holter monitor is attached to the patient with 3 or 5 leads that traces the heart’s signals 
over a period of 24-48 hours.  Then, a certified technician or doctor is required to look through the 
entire tracing to diagnose either fibrillation or flutter. As shown in Figure 11, there are some 
problems with this; first, there’s a lot of noise generated when using Holter monitors.  Paroxysmal 
AF/AFL appears for very brief segments and may be masked by noise, leaving those short segments 
undetectable.  The ECG tracings also require very thorough analysis.  The ECGs in Figure 11 are 
only about 20 seconds long, so it is apparent that looking at 24 or even 48 hours’ worth can be 
extremely time-consuming, and irregularities can be easily overlooked.   
 
23 
 
Figure 11:  Data obtained from a Holter monitor can be affected with noise and required thorough 
analysis for diagnosing AF and AFL. 
 
 
Biological Imaging 
 
Echocardiography uses sound waves to create an image of a patient’s heart [20].  It provides 
information about the size and shape of the heart and can provide information on any structural 
changes that may have occurred in the heart, which is a characteristic of AFL.  This type of imaging 
is not helpful in early detection, as these structural changes are usually observed in chronic, 
permanent cases of AF and AFL.   
 
Statistical Analysis 
Current methods for detection focus on using mathematical models and statistical methods 
for early AF and AFL detection.  The following methods utilize statistics for detection and diagnosis, 
yet each provides restrictions and limitations that must be addressed.  
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The Glasgow Rhythm Program 
The Glasgow Rhythm program provides a method of detecting P waves in ECG data.  Using 
the P wave data, there are two methods from which Atrial flutter can be detected.  The first method 
involves P-P intervals. The P-P intervals are related to atrial rate.  Atrial rate is very high in patients 
with atrial flutter.  If the P-P intervals are found to be in the range of 150 to 300 ms (equivalent to 
200 to 400 beats per minute), it is marked as atrial flutter.  The second method for detection using the 
Glasgow program and P waves is threshold crossing.  For this method, each R-R interval is compared 
to a threshold.  Each crossing of the threshold corresponds to a P wave.  If an R-R interval contains 
more than one crossing (more than one P wave), it is classified as atrial flutter.   
These combined methods produce a sensitivity of 87.8% and a specificity of 96.2%.  The 
major drawback to these methods is that they rely solely on P waves.  P waves can easily go 
undetected if they are hidden by the QRS complex or by T waves.  Some P waves may also miss the 
threshold for detection [18]. 
 
Detection Using Spectral Methods 
Another current method exists for the differentiation between atrial flutter and atrial 
fibrillation for a resting 12-lead ECG.  This method involves the use of spectral entropy (SE) and 
spectral peak detection.  Fourier Transforms were applied to the ECG data to estimate the power 
spectral density.  Spectral entropy was then computed for each ECG.  Spectral peak frequencies, 
spectral entropy, and time domain data were then used to differentiate between atrial fibrillation and 
atrial flutter.  The results of this method produced an 80% sensitivity and 99.5% specificity for atrial 
flutter.  The major drawback to this method is that it can only be applied to a resting heart rate.  
Elevated heart rates and noise will result in misclassification. [19]. 
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Significance of Early AF and AFL Detection 
It is evident that, based on the pathophysiology of the arrhythmias, the projected prevalence, 
and the costs associated with AF and AFL, early detection of the conditions are critical.  The nature 
of atrial fibrillation does not provided doctors with symptoms that will allow for easy and concrete 
diagnosis. Holter-monitoring is time-consuming and unreliable for early detection based on the noise 
and motion artifacts that greatly affect the device.  Usually the conditions are in their chronic, 
permanent stages when they are diagnosed, which have dangerous implications and can lead to more 
serious conditions and diseases such as stroke and heart attack. Therefore, early detection is critical if 
we want to lower the morbidity and mortality rates of AF/AFL.  Ideally, a test for AF and AFL 
would be implemented into a regular, annual physical with one’s primary care physician.  Any 
abnormal heart activity could be flagged and proper treatment and lifestyle changes could be 
addressed that would decrease progression of the arrhythmias. Early detection can save billions of 
dollars and millions of lives, and this was the motivation behind the project. 
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Chapter 3- Project Strategy 
 The initial client statement was presented to the design group by the head of the Biomedical 
Engineering Department at Worcester Polytechnic Institute, Professor Ki Chon, Ph.D.  Due to its 
vague and open-ended nature, the group researched the physiology and background of atrial 
fibrillation and flutter as well as current methods used for their detection and diagnosis.  During their 
research, it became evident that a faster, more efficient means that would allow early detection would 
result in better treatment options, better quality of life for affected patients, and reduced costs in 
terms of health care and research.  Through client meetings, the design group was able to clarify the 
objectives, constraints, functions, and requirements for the atrial fibrillation and flutter detection 
project. 
 
Initial Client Statement 
 During the first meeting with Professor Ki Chon, the design group was presented with a 
client statement.  The statement gave the group a very general goal for the project deliverable, and 
was provided as the following request: 
“Develop a method to automatically detect atrial fibrillation and atrial flutter.” 
 
Objectives and Constraints 
Objectives and constraints for the design project were established by the team in order to 
determine the priorities on which to focus.   The objectives for the project focused on the ability to 
detect atrial fibrillation and atrial flutter, the reliability and accuracy of results, and ease of use.  
Constraints for the project included the utilization of MATLAB programming in the design as well as 
a strict timeline by which the project had to be finished by. 
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Objectives 
The major objectives and sub-objectives for this project are summarized by the objectives 
tree (Figure 12).  The first three objectives concerned with the reliability of the results obtained from 
the device.  The design team wanted to obtain results with a high sensitivity, specificity, and 
accuracy of AF and AFL detection.  High sensitivity, specificity, and accuracy are desirable for the 
project so that the results provided by the device can be relied on without too much further 
investigation.  The device must also be able to account for noise and motion artifacts that are 
common disturbances in ECG data collection.  This device would most likely be used in a clinical 
setting as a simple diagnostic test, therefore cardiologists and other doctors must trust the output of 
the device in terms of its accuracy for AF and AFL detection.  
Another major project objective was to create a device that would be marketable.  A 
marketable device involves one that is user-friendly, inexpensive, and easily upgradeable.  The 
device must be user-friendly so the users, which will most likely be doctors and nurses, will be able 
to simply and quickly apply the diagnostic test to the patients and obtain a reading without difficulty.  
Ideally, the product would have a simple interface and easy-to-understand instructions.   Another 
objective for improving marketability is price.  The device should be inexpensive because one of the 
motivating factors for the project is to ultimately reduce healthcare costs.  Any interested clinician 
should be able to purchase the device for less than what they would pay for standard, current 
methods for AF and AFL diagnosis. The device should possess the ability to be easily upgraded if 
positive changes are made to improve accuracy or design. 
A final major objective for the AF/AFL detection project was to detect in real-time without 
having to wait hours or days for results as is observed in current clinical diagnosis.  Automatic, real-
time detection of fibrillation or flutter was desired by the client and design group for the project. 
A pairwise comparison chart, seen in Table 1, was created by the design team to weigh the 
project objectives in order to prioritize their goals. 
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Figure 12: The objectives tree for the AF and AFL design project outlines the desired attributes the final design will 
possess. 
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Table 1: Pairwise Comparison Chart for the AF/AFL Detection Project 
Objectives 
High 
Sensitivity 
High 
Specificity 
High 
Accuracy 
Marketable 
User-
Friendly 
Real-Time 
Detection 
Sensitivity 
to Noise 
Total 
High 
Sensitivity 
X 1 1 1 1 1 1 6 
High 
Specificity 
0 X 0 1 1 1 1 4 
High 
Accuracy 
0 1 X 1 1 1 1 5 
Marketable 0 0 0 X 0 0 0 0 
User-
Friendly 
0 0 0 1 X 1 1 3 
Real-Time 
Detection 
0 0 0 1 0 X 0 1 
Sensitivity 
to Noise 
0 0 0 1 0 1 X 2 
 
 
Constraints 
Establishing constraints is an important part of the design process and must be determined at 
the very beginning.   There were several design constraints recognized that the project team needed 
to adhere to that were essential for the success of the design and development.   
The first of these constraints was time.  The projected needed to be completed in time for 
project presentation day held at WPI on April 21, 2011.  This gave the design team a seven-month 
timeline to work with for the completion of their project. 
The second major constraint that was set forth by the client was that the design must 
implement MATLAB programming.  The client, who is an expert in the field, felt that MATLAB 
was the best program to use for detection, and requested the algorithm to be based on his experience.  
This was established as a constraint rather than an objective because of this request. 
Thirdly, the MATLAB program had to be compatible with data obtained from ECG data 
obtained from Holter monitoring.  Data from Holter monitors can be downloaded onto a computer as 
a text document and then imported into MATLAB, so the group found this constraint to be 
reasonable. 
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Revised Client Statement 
After defining the objectives and constraints for the project, the team was able to create a 
revised client statement.  The revised client statement is as follows: 
Design, implement, and test a method of automatically detecting atrial fibrillation and 
atrial flutter.  The method must utilize MATLAB programming and must be compatible 
with ECG data obtained from Holter monitoring systems.  The final device should have 
high sensitivity, specificity, and accuracy, and it must be completed by April 21, 2011. 
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Chapter 4 – Design Alternatives 
To develop a series of design alternatives for the project, the MQP design group conducted 
extensive research on the techniques currently used for the diagnosis and detection of atrial 
fibrillation and atrial flutter.  Based on these current methods, the group devised a list of the most 
important parts of their designs and purposes, and they also determined the limitations and 
restrictions that could be improved.  The methods that were researched and analyzed included 
electrocardiogram analysis, biomedical imaging, and statistical analysis, three methods that are 
among the most common for the detection and diagnosis of atrial fibrillation and flutter. 
 
ECG Analysis 
The revised client statement provided the design team with information regarding the type of 
data that would be analyzed.  The data that was to be analyzed was requested to be obtained from 
Holter monitor recordings of ECGs.  Current methods for detection involve long-term Holter 
monitoring that require a trained and certified technician to analyze at least 24 hour recordings of 
ECG readings to specify irregularities, absence of P-waves, and other unusual characteristics of a 
normal ECG.  The team decided they could implement the ECG readings into a faster, easier method 
for AF and AFL detection.   The design group needed to determine which parts of the ECG would be 
used in their detection of atrial flutter and atrial fibrillation.  As mentioned in Chapter 2, there are 
three main components to an ECG recording: the P -wave, the QRS complex, and the T-waves.  The 
T-waves were not relevant to the project as they correspond to the repolarization of the ventricles, 
and they remain unaffected by both atrial flutter and during atrial fibrillation [8].   
Upon closer examination of ECGs from patients with atrial flutter and fibrillation, the group 
noticed several important distinctions from the ECGs of normal sinus rhythms.  In atrial fibrillation 
recordings, the RR-intervals were found to be irregular and did not seem to follow any particular 
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patterns.  In contrast, RR-intervals in normal sinus rhythm s remained relatively constant.   The group 
determined that the irregular RR-intervals observed could be implemented in their method for atrial 
fibrillation detection. 
Atrial flutter analysis led to two different, yet important distinctions.  The ECG recordings 
from AFL patients contained characteristic “saw tooth” waves that appeared as extra P-waves.  Also, 
while the RR-intervals were not sporadically irregular as atrial fibrillation, there seemed to be a 
pattern with the irregularity of the RR-intervals.  For example, there may have been several long 
beats of equal length, followed by several short intervals.  This pattern would repeat several times, as 
seen in Figure 13.  As mentioned, ECGs associated with healthy heart activity exhibited a normal 
sinus rhythm with distinct waveforms.  In other patients diagnosed with atrial flutter, however, 
normal sinus rhythm was observed with regular RR-intervals, yet the saw tooth waveform was still 
present.  Again, this saw tooth pattern was not observed for the normal sinus rhythm patients.  Figure 
14 shows an AFL ECG that contains regular RR-intervals.  
 
 
 
Figure 13: The ECG of some AFL patients contained segments of long and short RR-intervals that 
exhibited a consistent pattern.  They also contain characteristic saw tooth waves. 
 
 
 
 
 
Figure 14: The ECG of some AFL patients consisted of regular RR-intervals, as is also observed in 
healthy patients. 
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The design team used the above information to determine which components of the ECG 
should be used in their method and compared the options against previously defined design 
constraints and objectives.  For atrial fibrillation, RR- intervals were chosen as the data that would be 
analyzed from the ECG, as this was the only noticeable difference on the ECG for fibrillation 
patients.  The design team also chose to examine RR-intervals for atrial flutter since most of the 
patient data they observed contained patterns of irregularities.  This was chosen for several reasons.  
As stated earlier in Chapter 2, the P-waves have much lower amplitudes then R-peaks and are easily 
impacted by noise.  This can affect the accuracy of the algorithm.  The design team created a 
selection matrix for determining which portion of the ECG to use for their detection method.  Table 2 
shows the team’s basis for selecting R-peaks to be used for AF and AFL detection.  
Table 2: The AF/AFL Detection Selection Matrix 
Objective 
R-Peaks 
(Score) 
P Waves 
(Score) 
T-Waves 
(Score) 
High Sensitivity 85 60 60 
High Specificity 70 80 80 
High Accuracy 80 75 75 
Marketable 90 90 90 
User Friendly 80 60 60 
Real-time Detection 80 60 60 
Sensitivity to Noise 90 20 40 
Total 575 445 465 
 
Statistical Methods to Evaluate Variability 
 Once it was established that the RR-intervals would be used for the basis of their detection 
method, the design group recognized that it was the irregularity and variability of the RR-intervals 
that was characteristic of atrial fibrillation and cases of atrial flutter.  Because of this, it was 
established that the best way to distinguish between degrees of variability is through statistical 
analysis. 
 There are several different statistical methods that can be used to evaluate the variability of 
data.  The design team evaluated several different statistical methods in order to determine which 
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would be best suited for their needs.  The simplest and most common ways to evaluate variability are 
standard deviation and variance.  These two statistical methods deal with the average distance of a 
data point from the mean.  Variance is computed as follows: 
   
       
 
.  
 In this equation, N is the number of points and µ is the mean.  Standard deviation is 
computed as the square root of the variance.  The design team determined that using merely standard 
deviation and variance was not adequate for their purposes.  The problem with these two statistical 
methods is that they examine the data set as a whole.  There will essentially always be high variance 
in a set of RR-intervals in both patients with normal sinus rhythm or with AF/AFL.  The RR-
intervals will change based on the current state of the patient.  While being monitored, the patient 
may be exercising, sleeping, resting, stressed, or subjected to something else that will cause a change 
in variability that does not attribute to a heart arrhythmia.  Noise is another important factor to take 
into account when analyzing the ECG data; noise that occurs due to patient activities, small 
movements, or other types of motion artifacts and environmental interference will greatly affect 
standard deviation and variance.  The group decided to seek out more reliable statistical methods for 
determining variability of RR-intervals in ECG data.  Ideally, they wanted something that would be 
able to compare individual RR-intervals and test for their variability, rather than looking at the entire 
data set as a whole. 
 The three main methods the group found were Shannon entropy, root mean squares of 
successive differences, and turning points ratio.  SE is a statistic that measures the uncertainty of a 
random variable, RMSSD is a statistic that measures the variability within a data set, and TPR is a 
statistic that measures the randomness of fluctuations within a data set.  These three methods became 
the focus for the group’s atrial fibrillation detection algorithm.  These are further discussed in terms 
of the detection design in Chapter 5. 
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Time-Frequency Analysis 
 The ECG data obtained from patients with atrial flutter exhibited more regularity among their 
RR-intervals than those of atrial fibrillation patients.  If the team used the same statistical methods as 
atrial fibrillation on atrial flutter data, most cases would go undetected.  The design team therefore 
needed to devise a different approach to examine the atrial flutter data.  They decided to further 
examine the RR-intervals through graphical analysis of frequencies over time.  It was found that, by 
using the heart rates derived from the ECG data, the magnitudes of the frequencies present in atrial 
flutter patient data were much higher than those observed in normal sinus rhythm data.  This is 
attributed to the rapid and changing heart rates observed in many cases of AFL.  This phenomenon 
can be observed in Figure 15, which illustrates the high frequencies exhibited in AFL patient data, 
while “normal” rhythm is shown in Figure 16.  The team determined that this information could be 
utilized in their method for determining atrial flutter.to use time frequency domain analysis as the 
basis for the algorithm.  
 
Figure 15: Atrial flutter data exhibits higher frequencies as compared to the normal sinus rhythm in a 
time-frequency graph. 
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Figure 16: Normal sinus rhythm data exhibits low frequencies in a time-frequency graph. 
 
 
Winger-Ville Distribution Selection 
One decision the design team needed to make was which Wigner-Ville distribution (WVD) 
command to use for analysis.  There were three different options provided by MATLAB: tfrstft (the 
WVD), tfrpwv (the pseudo-WVD), or tfrspwv (the smoothed-pseudo WVD).  The three commands 
provided by MATLAB’s time-frequency toolbox used the same input information to provide similar 
graphs with different smoothing techniques.  In order to decide which command to use, the team 
created power spectral density graphs using the same set of atrial flutter data and compared them to 
determine which would be easiest to use and deduce information from.  The graphs are seen in 
Figures 17-19, and it is evident that the smoothed Pseudo-Wigner-Ville (SPWV) distribution 
provided the clearest graph, which would be useful for further analysis of flutter ECG data. 
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Figure 17: Power Spectral Density using tfrstft command (Wigner-Ville) 
 
 
 
 
Figure 18: Power Spectral Density using tfrpwv (Pseudo Wigner-Ville) 
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Figure 19: Power Spectral Density using tfrspwv (Smoothed Pseudo Wigner-Ville) 
 
 
Annotation of Results 
 Another challenge facing the design team was to determine how to annotate to results 
obtained from the detection algorithm.  There were two main options proposed by the design team.  
The first was to look at the signal in its entirety and determine whether atrial flutter was present in 
the signal as a whole.  The second option was to look at the beats individually to determine exactly 
where atrial flutter was present in the signal.  The design team decided to window the beats so that 
we could provide the most precise results to the user, especially because atrial flutter can be 
paroxysmal and cases may only be present for a few seconds.  This would allow the user to know 
exactly which sections of the ECG contain atrial flutter as well as diagnose the type of flutter. 
 
Design Choice 
 Based on their research and design options, the design team chose to focus their detection 
methods on two major algorithm components.  The first would put the RR-interval data through an 
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atrial fibrillation detection algorithm using statistical methods to test for variability.  The second 
component of the detection method would be to input any data not recognized as atrial fibrillation 
through a flutter algorithm using time-frequency analysis.  Their exact methods are explained in 
greater detail in Chapter 5. 
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Chapter 5 – Design Verification 
Detecting Atrial Fibrillation and Atrial Flutter 
The first step towards detecting atrial flutter is to first run the patents’ RR-interval data 
through an atrial fibrillation detection algorithm.  The main purpose of AF or AFL detection is to 
detect something; and since atrial fibrillation is easier to detect due to its highly irregular RR-
intervals, we can first run the data through this algorithm.  Flutter, in contrast, is more difficult to 
detect and diagnose because of the numerous types of flutter that exist.  As mentioned, some flutter 
patterns exhibit irregular RR-intervals, while other types of flutter exhibit a more normal sinus 
rhythm.  If the RR-interval data is not detected as having these irregular intervals, we will then run 
the data through a separate atrial flutter detection program that will use additional analysis in its 
detection.  A visual representation of the detection pathway can be seen in Figure 20. 
The algorithm is designed to classify a heart rhythm into one of three categories: normal 
sinus rhythm, atrial fibrillation, and atrial flutter. It does so using only RR-interval information. The 
algorithm consists of 2 major components, one to detect atrial fibrillation the other to detect atrial 
flutter. The atrial fibrillation is characterized by increased variability and complexity of RR intervals. 
The irregularity of the RR intervals was assessed by a combination of three common statistical tests 
for measuring heart rate variability (HRV): Turning Points Ratio (TPR), Root Mean Squares of 
Successive Differences (RMSSD) and Shannon Entropy (SE). RR intervals determined to be AF by 
all three statistical methods are classified as AF.  Typical (Type I) atrial flutter is characterized by 
high frequency components and normal RR interval variability. Normal sinus rhythm is 
indistinguishable typical atrial flutter using these methods thus further classification requires time 
frequency domain analysis. If RR intervals are not classified as AF, the second major component of 
the algorithm uses time frequency domain analysis is used to determine whether RR intervals are 
normal sinus rhythm or atrial fibrillation. 
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Figure 20: The pathway for AF and Flutter detection will first analyze whether the RR-intervals are irregular (AF). If 
they are considered normal, they are then run through the AFL detection algorithm.   
 
Algorithm for Atrial Fibrillation Detection 
Our algorithm was developed using the generally accepted hypotheses that atrial fibrillation 
(AF) results in a significant increase in both variability and complexity a of RR intervals series. Each 
series of RR intervals was first divided into overlapping 128 beat segments. Each 128 beat segment 
began 1 RR interval after the beginning of the previous 128 beat segment. We then used three 
statistical methods for analysis of heart rate variability (HRV)  to determine whether each 128 beat 
segment had did or did not possess characteristics of AF. The three statistical tests used were: 
Turning Points Ratio (TPR); a nonparametric test which measures randomness, Root Mean Squares 
of Successive Differences (RMSSD); a parametric test which measures variability, and Shannon 
Entropy (SE); a parametric test which measures complexity. As the two parametric tests, RMSSD 
and SE, were affected by distribution assumptions we removed the shortest 8 and longest 8 beats of 
each 128 beat segment prior doing RMSSD and SE calculations. Each 128 beat section was flagged 
as AF if and only if all three statistical methods determined it to be AF. 
 
Root Mean Squares of Successive Differences 
Root Mean Squares of Successive Differences (RMSSD) is a parametric statistic that 
measures the variability within a data set. RMSSD is one of the two parametric tests used in our AF 
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algorithm. Being a parametric test, RMSSD is sensitive to outliers; therefore for each 128 beat 
section we removed the shortest 8 and longest 8 RR intervals. The RMSSD of a set of RR intervals is 
the sum the squares of each of the differences between each RR interval. For each 112 beat segment 
ai, 128 beat segment minus outliers, RMSSD is calculated according to the following equation: 
RMSSD=√
 
     
 ∑      
     
     
   
To compensate for changes in heart rate overtime and premature ventricular contractions RMSSD 
was divided by mean RR value for each segment. In our algorithm we selected RMSSD/ (mean 
RR)>0.1 as the threshold for AF detection. 
 
Turning Points Ratio 
Turning Points Ratio (TPR) is a non-parametric statistic that measures the randomness of 
fluctuations within a data set. It is the only nonparametric test used in our AF algorithm, and 
therefore unlike SE and RMSSD it is not affected by assumptions about the distribution of the data 
set. Turning points are points which are either greater than both the preceding and succeeding terms, 
or less than both the preceding and succeeding terms. TPR compares the amount of turning points in 
the data, to the maximum number of possible turning points. Turning points ratio assumes that the 
data is stationary, specifically that fluctuations are random and are not either more rapid than 
explainable by chance alone, or less frequent, in which case the data contains a trend. The statistical 
test that is used in the algorithm uses the null hypothesis H0: the sequence is stationary and an 
alternative hypothesis H1: the sequence is non-stationary. More explicitly, the null hypothesis is that 
the RR intervals are random, and therefore corresponds to AF; while the alternate hypothesis is that 
the RR intervals are nonrandom corresponding to normal sinus rhythm. Any data that behaves in a 
random manner, such as white noise, will be expected to have a turning point approximately every 
1.5 data point. For random data points of arbitrary length, l, the expected number of turning points is 
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(2l-4)/3 with a standard deviation of √           . Any data that does not exhibit random 
behavior will have a TPR significantly greater than or less than the expected value of approximately 
0.66. In our algorithm we selected a 99.9% confidence interval which corresponds to a TPR of 
μ±3.2σ being marked as AF. For the selected segment length of 128, 0.54<TPR<0.77 will be marked 
as AF. 
 
Shannon Entropy 
Shannon Entropy (SE) is a parametric statistic that measures the uncertainty of a random 
variable.  SE is related to the complexity of a data set and the ability the predict future data points 
from past data points. SE is the second parametric tests used in our AF algorithm. Therefore like 
RMSSD, SE is sensitive to outliers; thus for 128 beat section we removed the shortest 8 and longest 8 
RR intervals. For any data set SE is between zero and one, inclusive. A single of constant value 
which would be completely predictable has an SE value of zero. Completely random data, such as 
white noise will have a SE of nearly one.  We used the commonly accepted hypothesis that atrial 
fibrillation is associated with higher uncertainty and therefore will have a higher SE value than 
normal sinus rhythm.  
After removing outliers, the remaining data points in each 128 beat segment are used to 
construct a histogram with 16 equally spaced bins.  Using 16 bins was found empirically to provide 
sufficient resolution minimizing distortions.2  If too few bins are used bins will be too wide will 
provide insufficient resolution. While if too many bins are used there will be significant distortion, 
with SE approaching zero as  the number of bins approaches infinity.   The number of RR intervals 
contained in each bin is then computed.  The probability for each bin is computed as 
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where Ni is the number of beats in that particular bin, l is the segment length, and Noutliers is the 
number of outliers.  Shannon Entropy is then calculated as follows: 
 
 In our algorithm we selected SE>0.7 as the threshold for AF detection. 
 
Determining Parameters for Statistical Testing 
The previous sections outline and explain the three statistics included in our algorithm that 
we used for the detection of atrial fibrillation.  Each statistic involves a set of parameters, such as 
segment lengths, thresholds, etc.  These parameters were established through experimentation.  After 
developing the general code for atrial fibrillation with variables for our parameters that could be 
easily changed, we developed another simple algorithm that ran the RR interval data of each of the 
MIT database patient data sets through a series of test thresholds incorporated into our code.  The 
output of this algorithm allowed us to more closely look at what thresholds had the best sensitivity, 
specificity, and accuracy for each of the patient data sets.  We looked at all of the values for each of 
the tested thresholds and selected thresholds that gave us the greatest overall accuracy, sensitivity, 
and specificity.  
 
Results for Atrial Fibrillation Detection 
We used the RR-intervals of 23 patients clinically diagnosed with atrial fibrillation found in 
the MIT-BIH database online.  These allowed us to determine first whether or not our program for 
AF detection worked, and secondly allowed us to determine the specificity, sensitivity, and accuracy 
to which our algorithm detected the fibrillation.  Table 3 shows the sensitivity, specificity, and 
accuracy of each data set.  By using the size of the data set (how many RR-intervals were provided in 
46 
the data) we were able to calculate the weight they should have in the overall calculation  of 
sensitivity, specificity and accuracy.  The weighted values were then found and totaled to provided us 
with our total weighted sensitivity, specificity, and accuracy. 
 
 
Table 3: Sensitivity, Specificity, and Accuracy for Each Patient Data Set. 
  Sensitivity Specificity Accuracy Size Total Size Weight 
Weighted 
Sen 
Weighted 
Spe 
Weighted 
Acc 
  1 0.9665026 0.9832513 52765 1131097 0.046649 0.0466494 0.0450868 0.0458681 
  1 0.9145207 0.9572603 44002 1131097 0.038902 0.0389021 0.0355767 0.0372394 
  0.83265 0.9709421 0.901796 61913 1131097 0.054737 0.0455769 0.0531466 0.0493617 
  0.699877 0.9996928 0.8497849 39933 1131097 0.035305 0.0247089 0.0352938 0.0300014 
  0.9741877 0.8528466 0.9135171 42859 1131097 0.037892 0.0369135 0.0323157 0.0346146 
  0.9991902 0.9937408 0.9964655 47871 1131097 0.042323 0.0422884 0.0420577 0.042173 
  0.9478485 0.9960812 0.9719649 61757 1131097 0.054599 0.0517518 0.0543852 0.0530685 
  0.9826713 0.8898231 0.9362472 49878 1131097 0.044097 0.0433329 0.0392385 0.0412857 
  0.9100642 0.9205569 0.9153106 45532 1131097 0.040255 0.0366344 0.0370568 0.0368456 
  0.9938949 0.2540862 0.6239905 55152 1131097 0.04876 0.0484621 0.0123892 0.0304256 
  0.752809 0.9951352 0.8739721 34836 1131097 0.030798 0.0231853 0.0306486 0.026917 
  0.9556446 0.5815349 0.7685897 55186 1131097 0.04879 0.0466257 0.028373 0.0374993 
  0.9494061 1 0.9747031 39297 1131097 0.034742 0.0329846 0.0347424 0.0338635 
  1 0.9940258 0.9970129 40233 1131097 0.03557 0.0355699 0.0353574 0.0354636 
  0.9555124 1 0.9777562 60282 1131097 0.053295 0.0509242 0.0532952 0.0521097 
  0.9581366 0.9665333 0.962335 56592 1131097 0.050033 0.0479383 0.0483584 0.0481484 
  0.9968689 0.9932276 0.9950483 36597 1131097 0.032355 0.032254 0.0321362 0.0321951 
  0.9989113 0.9994132 0.9991623 43355 1131097 0.03833 0.0382883 0.0383076 0.0382979 
  0.9699873 0.7797269 0.8748571 59292 1131097 0.05242 0.0508466 0.0408732 0.0458599 
  0.8970204 0.9967032 0.9468618 45513 1131097 0.040238 0.0360942 0.0401053 0.0380998 
  0.9930272 0.9906243 0.9918258 58854 1131097 0.052033 0.0516699 0.0515448 0.0516073 
  1 0.9816144 0.9908072 39848 1131097 0.03523 0.0352295 0.0345818 0.0349057 
  0.9937558 1 0.9968779 59550 1131097 0.052648 0.0523193 0.052648 0.0524836 
Total             0.9491501 0.9075188 0.9283344 
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In order to test the accuracy of the atrial fibrillation method developed, the MIT-BIH Atrial 
Fibrillation Database is used. This database contains RR intervals with individually annotated beats 
that are used as the baseline comparison for the results returned from the atrial fibrillation algorithm. 
Two sets of data are excluded from this database due errors in annotation, these sets are 4936 and 
5091. Each beat is annotated with a 0 or 1, 0 corresponding to a normal beat, and 1 corresponding to 
a beat that exhibited symptoms of atrial fibrillation. The algorithm created also produces a 0 or 1 for 
each segment analyzed; the result of each analysis is associated with the first beat of the segment.  
In order to compare the series, each annotation result from the algorithm is compared with 
each result from the database. Beats are then separated into four categories:  True Positive, True 
Negative, False Positive, and False Negative (see Table 3). True positive beats are those that both the 
algorithm and database annotated as 1 or atrial flutter. True Negative beats are those that both the 
algorithm and database annotated as 0 or normal. False Positive beats are those that the algorithm 
denoted as 1 or atrial flutter, but the database denoted as 0 or normal. False Negative beats are those 
that the algorithm denoted as 0 or normal, but the database denoted as 1 or atrial flutter. Once these 
numbers are found two interpretive values are calculated to determine the effectiveness of the 
algorithm. The first of these values is sensitivity, this number describes the ability of the algorithm to 
detect the presence of atrial flutter and is determined by the following equation: sensitivity = True 
Positive/(True Positive + False Negative). The second value is specificity which determines the 
ability of the algorithm to detect normal beats or not detect atrial flutter when there is none. 
Specificity is determine by the following equation:  specificity = True Negative /(True Negative + 
False Positive). Finally to determine the accuracy of the algorithm the product of sensitivity and 
specificity is found. 
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Algorithm for Atrial Flutter Detection 
The method chosen to look at the detection of atrial flutter is the SPWV.  A normal Fourier 
transform allows for the examination of frequencies present in a signal. This method is chosen due to 
the fact that man y forms of atrial flutter produce abnormally high frequencies within patient’s heart 
rates. However, a normal Fourier transform does not provide enough information about a signal 
because it provides overall frequency data over the entire time span. Two separate signals are show 
in Figure 21, while the Fourier transform corresponding to these signals is shown in Figure 23. 
 
 
 
Figure 21: A simplified explanation for selecting SPWV rather than FFT used these two signals 
containing the same frequencies at different times as an example. 
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Figure 22:  FFT is not sufficient because it provides overall frequency data over time. 
  
 
Both signals in Figure 21produce the same Fourier transform yet it is apparent are distinctly 
different. Short time Fourier Transforms were examined, which allows one to view the frequencies 
present in a signal over time.  Figure 23 provides an illustration of the FFT of the different sections 
of the second signal from Figure 21, and it can be seen that the frequencies present in the signal does 
change over time despite having the same general Fourier Transform as the signal observed in the 
first signal in Figure 21.  Smoothed-pseudo WV, as illustrated in Figures 24 and 25, provides enough 
time frequency data to yield relevant data with sufficient information in terms of time and frequency.  
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Figure 23: The FFT of the different sections of a signal. 
 
 
 
Figure 24: The SPWV of Figure 21a. 
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Figure 25: The SPWV of Figure 21b. 
 
 
Atrial Flutter was detected using this SPWV information.  Instantaneous heart rate at 0.25 
second intervals was estimated using a cubic spline function. Linear trends and DC frequency content 
was then removed and variance normalized. The SPWV of the instantaneous heart rate estimates was 
obtained. Data points containing significant edge effect were discarded. The SPWV was divided into 
non-overlapping rectangular windows each of 0.25 seconds. A frequency cutoff was empirically 
determined and the ratio of the highest magnitudes above and below this cutoff was calculated. 
Ratios indicating a predominance of higher frequencies were indicated as atrial flutter. 
Overall the atrial flutter detection algorithm detected atrial flutter in 6 of 8 patients with the 
condition. Inspection of ECGs from two patients for which atrial flutter could not be detected 
revealed highly regular RR intervals and a heart rate of approximately 70-80 beats per minute. A 
Specificity of 95% calculated using 1000 random samples of normal sinus rhythm from 2 patients. 
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Chapter 6 – Discussion 
 RR-intervals provide sufficient information for using statistical methods for atrial fibrillation 
data.  The algorithm achieved a sensitivity of 94.9% specificity of 90.7% and accuracy of 92.4% 
which makes the algorithm clinically applicable.  RR-intervals are also sufficient for certain types of 
atrial flutter, specifically typical atrial flutter.  Further analysis of AFL electrocardiograms is 
necessary for improving the algorithm to detect atypical flutter. 
As mentioned in earlier chapters, AF and AFL are costly.  Many of the health care costs 
pertaining to the conditions are related to more permanent, chronic cases in which more serious 
complications arise, and thus early detection is desired.  The project, if implemented into a regular 
diagnostic test, could reduce many of these costs, as it would allow doctors to detect the conditions 
before the patients are at higher risks for complications such as stroke and heart attack. 
The algorithm has the potential to have an impact on society.  The design allows for a higher 
volume of patients to be routinely screened for the conditions of atrial flutter and fibrillation.  This 
helps to raise awareness of these conditions to both people who may suffer from these conditions and 
also even those who do not.  As the public becomes more aware, this may help to increase the 
amount of research on these conditions and to help promote preventative measures. 
 The algorithm created by the design team has minimal ethical concerns.  A possible concern 
might be the discovery of a condition (atrial flutter or fibrillation) that a patient is unaware that they 
have and unprepared to deal with.  This process, however, is no different from any other diagnostic 
test or screening.  The test would be elective and the results would be confidential and only shared 
between the patient and doctor.  The algorithm uses current methods of monitoring (Holter 
monitors), which have already been approved by the FDA and are non-invasive.  The algorithm also 
does not employ the use of any controversial materials, such as stem cells. 
54 
Additionally, the program could be easily implemented into current diagnostic tests.  The 
program could either be run straight from MATLAB using downloaded Holter monitoring data, or 
the code could be incorporated into a medical device for even easier detection. 
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Chapter 7 – Conclusions and Recommendations 
 The algorithm created by the design team was able to detect atrial fibrillation with a high 
degree of accuracy.  It was also able to detect atrial flutter with a high degree of accuracy when 
patients exhibited patterns of irregular R-R intervals.  The final design was able to meet the 
established constraints and objectives defined by the project team.  The algorithm is implemented in 
MATLAB and is able to successfully detect atrial flutter, with a fast run time, low sensitivity to 
noise, high accuracy, and a simple user interface.  .  Using data obtained from the MIT-BIH Atrial 
Fibrillation database and atrial flutter data from patients of UMass Medical Center, the AF program 
achieved a sensitivity of 94.9% specificity of 90.7% and accuracy of  92.4%AF data.  Atrial flutter 
was detected in 6 of 8 AFL patient data sets.  
 
Future Recommendations 
 The design team was unable to detect atrial flutter in two of eight patients using the atrial 
flutter detection algorithm. Inspection of the patients’ ECGs revealed that in patients whom atrial 
flutter that could not be detected, typical atrial flutter (type I flutter) with highly regular RR intervals 
and a ventricular heart rate of 70-80 bpm was present. Using only these characteristics alone it was 
not possible to distinguish these particular cases of atrial flutter from normal sinus rhythm.  It was 
concluded that any analysis method using only RR-intervals would likely be insufficient to detect 
typical atrial flutter in all cases. Two potential methods for distinguishing these cases of atrial flutter 
from normal sinus rhythm are comparison of ECG morphology or frequency-time domain analysis. 
This is due to substantial differences that can be observed in both the time and frequency domain 
when comparing p-waves present in normal sinus rhythm to the macroreentrant “saw-tooth” waves 
present in atrial flutter. While these methods are potentially more useful in detecting particular cases 
of atrial flutter, more processing power and sufficient training data is usually required.  
56 
The design team has several recommendations for the continued development of the atrial 
flutter algorithm.  First, the design team recommends that more atrial flutter data be analyzed and run 
through the existing algorithm.  This would allow for further fine tuning of the current thresholds.  
Also, further investigation is needed into an algorithm that will detect the cases of atrial flutter that 
exhibiting regularity in their R-R intervals causing them to look very similar to normal sinus rhythm.  
This algorithm could be added to the existing algorithms for atrial flutter and fibrillation, to help 
increase the accuracy with which they are detected. 
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Appendix A:  
MATLAB Code for Atrial Fibrillation and Atrial Flutter Algorithms 
 
The pages in Appendix A provide the MATLAB code used to design our algorithm.  It 
contains three separate algorithms: atrial fibrillation detection, an algorithm that uses the inputted 
ECG data to create splined, detrended time-frequency graphs, and our atrial flutter detection 
algorithm. Each algorithm is an essential component to our overall method for fibrillation and flutter 
detection. 
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Atrial Fibrillation Detection: 
 
function [afstats]=Fib_Detection(x,seglen) 
  
N=length(x); 
tprmean=0.65625; tprvar=0.001369222; 
%TPR mean and variance from rozinn database 
  
for i=1:N-seglen+1 
    tic; 
    perc=i/N*100 
    j=0; 
    segment=x(i:i+seglen-1); 
 
   
%******************** Remove 16 outlier ******************************** 
%* In the outlier removal, 8 maximum and 8 minimum values are discarded 
%*********************************************************************** 
segment_outlier=segment; 
    
    for j=1:8 
         [number,location]=max(segment_outlier);  
         segment_outlier(location)= []; 
    end 
     
    for j=1:8 
         [number,location]=min(segment_outlier);  
         segment_outlier(location)= []; 
    end 
     
    %%%%%%%%%%%%%% Mean %%%%%%%%%%%%%%%%%%% 
    afstats.avg(i)=(mean(segment)); 
 
 
    %%%%%%%%%%%%%% RMSSD %%%%%%%%%%%%%%%%%% 
    difference=segment_outlier(2:seglen-16)-segment_outlier(1:seglen-17); 
    afstats.rmssd(i)=sqrt(sum(difference.^2)/(seglen-17))/afstats.avg(i); 
 
    %%%%%%%%%%%%%% TPR %%%%%%%%%%%%%%%%%%%% 
    j=0; 
    for k=2:seglen-1 
        if((segment(k)-segment(k-1))*(segment(k)-segment(k+1))>0) 
            j=j+1; 
        end 
    end 
    afstats.tpr(i)=j/(seglen-2); 
 
 
    %%%%%%%%%%%%%%%% DISTRIBUTION using Shannon Entropy %%%%%%%%% 
    seg_max=max(segment_outlier); 
    seg_min=min(segment_outlier); 
    step=(seg_max-seg_min)/16; 
     
    entropy=0; 
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    if(step~=0) 
        group1=[0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0]; 
        for j=1:112 
            Z=round((segment_outlier(j)-seg_min)/step)+1; 
            group1(Z)=group1(Z)+1; 
        end 
        group1=group1/sum(group1); 
        for j=1:16 
            if(group1(j)>0) 
                entropy=entropy+group1(j)*log(group1(j)); 
            end 
        end 
    end 
    afstats.se(i)=entropy/(-2.7726); 
 
    %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
    afstats.comput(i)=toc; % Computational time (You may remove this line) 
  
    afstats.tprstat(i)=normcdf(afstats.tpr(i),tprmean,sqrt(tprvar)); %CDF of 
TPR 
     
    if(afstats.rmssd(i)>=0.1 & afstats.tprstat(i)>=0.0001 & 
afstats.tprstat(i)<=0.9999 & afstats.se(i)>=0.7) 
        afstats.count(i)=1; 
    else 
        afstats.count(i)=0; 
    end 
    clc 
end 
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Atrial Flutter (Time-Frequency): 
 
function [output] = time_freq(RRinput) 
RR = RRinput'; 
%Heart Rate 
HR = 1./RR; 
  
%Creates Cumulative Time Intervals 
time(1) = RR(1); 
for( i = 2 : length(RR)) 
    time(i) = time (i-1) + RR(i);     
end 
total_time = time(length(time)); 
  
%Creates a High Resolution Time Interval 
interval = 0.25; 
highres = 0:interval:total_time; 
  
%Creates a Splined Curve 
splinedcurve = spline(time,HR,highres); 
%Detrending the Splined Curve 
detsplined = detrend(splinedcurve); 
%Centering the Curve 
meandetspline = detsplined - mean(detsplined); 
%Setting Variance to 1 
variance = var(meandetspline); 
finaldetspline = sqrt(1/variance) * meandetspline; 
  
  
output.mat = tfrspwv(hilbert(finaldetspline')); 
output.beats = length(RRinput); 
output.HRsize = length(finaldetspline); 
output.total_time = total_time; 
output.finalHR = hilbert(finaldetspline'); 
%tfrspwv(hilbert(finaldetspline')); 
  
end 
 
 
 
 
 
  
64 
Atrial Flutter (Detection): 
 
function [output] = Flutter_Detection(input) 
samp_freq = 4; 
freq_thresh = 0.35; 
min_threshold = 1; 
perc_threshold = 0.25; 
%time axis cutoff 
edge_cutoff = 0.15; 
%frequency axis cutoff 
end_cutoff = 0.1; 
  
  
max_freq = samp_freq/2; 
data = time_freq(input); 
S = data.mat; 
beats = data.beats*(1-(edge_cutoff*2)); 
%Cut off edge_cutoff from sides to remove edge effect 
[freq_pre time_pre] = size(S); 
S_cut = S(:,ceil(edge_cutoff*time_pre):floor((1-edge_cutoff)*time_pre)); 
  
%Converts matrix to absolute value 
S_final = abs(S_cut); 
max_mag = max(max(S_final)); 
  
% Gets the axis size of the matrix 
[freq_axis time_axis] = size(S_final); 
beat_window = floor(time_axis/beats); 
  
%Creates a matrix including magnitudes of frequencies above freq_thresh 
%ONLY, this matrix will contain the >0.72 frequencies and can be tested for 
%values to see if the magnitudes are too high. 
S_Flutter = S_final((ceil(freq_axis*freq_thresh/max_freq)):floor((1-
end_cutoff)*freq_axis),:); 
S_FlutterComp = S_final(1:floor((1-end_cutoff)*freq_axis),:); 
output.S_Flutter = S_Flutter; 
output.S_final = S_final; 
  
  
%Creates Time and Frequency Axis 
output.real_freq = (1/(data.HRsize * 1/max_freq):1/(data.HRsize * 
1/max_freq): max_freq); 
  
time_int = data.total_time/time_pre; 
output.real_time = (time_int: time_int:data.total_time); 
output.cut_time = (ceil(edge_cutoff*time_pre)*time_int: time_int :floor((1-
edge_cutoff)*time_pre)*time_int); 
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%Creates a beat by beat annotation of whether or not atrial flutter is 
%present 
  
count = zeros(1,beats); 
current_beat = 0; 
for(i = 1:beat_window:time_axis) 
    current_beat = current_beat + 1; 
     
    if(time_axis-1 < beat_window) 
    flut_mag = max(S_Flutter(:,i:i+beat_window-1)); 
    %finds max mag for the window 
    %flut_comp = max(S_FlutterComp(:,i:i+beat_window-1)); 
    else 
        flut_mag = max(S_Flutter(:,i)); 
        %finds max mag for the window 
        %flut_comp = max(S_FlutterComp(:,i)); 
    end 
     
    %Two alternatives to determining the maximum 
    if(flut_mag >= min_threshold) 
    %if(flut_mag >= flut_comp*perc_threshold) 
        count(current_beat) = 1; 
    end         
end 
output.count = count; 
  
output.finalHR = data.finalHR; 
figure(1); 
mesh(output.cut_time,output.real_freq,output.S_final); 
xlabel('Time (s)'); 
ylabel('Frequency (Hz)'); 
zlabel('Magnitude'); 
title('AFL Time-Frequency-Magnitude Mesh Plot'); 
  
figure(2); 
plot(output.count); 
xlabel('Heart Beat Number'); 
ylabel('Detection (1=AFL, 0=Normal)') 
title('Atrial Flutter Detection Beat-to-Beat'); 
  
figure(3); 
contourf(output.cut_time,output.real_freq,output.S_final); 
xlabel('Time (s)'); 
ylabel('Frequency (Hz)'); 
title('AFL Time-Frequency-Magnitude Contour Plot'); 
  
  
end 
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Appendix B:  
Atrial Flutter Patient Data and Images 
 
The following section provides images obtained from our Atrial Flutter Detection algorithm.  
Each of the eight atrial flutter patient data sets we obtained from the UMass Medical Center were 
imputed into our algorithm using the RR-intervals.  We obtained three images for each patient: a 
mesh plot showing the time-frequency-magnitude relationship between their heart beats, a simple 
line plot that outputs either a 0 or 1 (“0” represents a normal heart beat while, while “1” represents a 
segment flagged as atrial flutter); and a 2-D contour plot showing the time-frequency-magnitude 
relationship.  
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Patient 1  
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Patient 2 
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Patient 3 
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Patient 4 
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Patient 5 
 
 
 
76 
 
 
 
0 10 20 30 40 50 60 70 80 90
0
0.2
0.4
0.6
0.8
1
1.2
1.4
1.6
1.8
2
Heart Beat Number
D
e
te
c
ti
o
n
 (
1
=
A
F
L
, 
0
=
N
o
rm
a
l)
Atrial Flutter Detection Beat-to-Beat
Time (s)
F
re
q
u
e
n
c
y
 (
H
z
)
AFL Time-Frequency-Magnitude Contour Plot
10 15 20 25 30 35 40 45 50
0.2
0.4
0.6
0.8
1
1.2
1.4
1.6
1.8
2
77 
Patient 6 
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Patient 7 
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Patient 8 
 
 
 
82 
 
 
 
0 10 20 30 40 50 60 70
0
0.2
0.4
0.6
0.8
1
1.2
1.4
1.6
1.8
2
Heart Beat Number
D
e
te
c
ti
o
n
 (
1
=
A
F
L
, 
0
=
N
o
rm
a
l)
Atrial Flutter Detection Beat-to-Beat
Time (s)
F
re
q
u
e
n
c
y
 (
H
z
)
AFL Time-Frequency-Magnitude Contour Plot
15 20 25 30 35 40 45 50 55
0.2
0.4
0.6
0.8
1
1.2
1.4
1.6
1.8
2
